Large-scale ocean-atmospheric phenomena like the El Niño Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD) have significant influence on Australia's precipitation variability. In this study, multi-linear regression (MLR) and complex empirical orthogonal function (CEOF) analyses were applied to isolate (i) the continental precipitation variations likely associated with ENSO and IOD, here referred to as 'ENSO/IOD mode', and (ii) the variability not associated with ENSO/IOD (the 'non-ENSO/IOD mode'). The first is of interest due to its dominant influence on inter-annual variability, while the second may reveal lower frequency variability or trends. Precipitation products used for this study included gridded rainfall estimates derived by interpolation of rain gauge data from the Australian Bureau of Meteorology (BoM), two satellite remote sensing products (CHIRP and TRMM TMPA version 7), and two weather forecast model re-analysis products (ERA-Interim and MERRA). The products covered the period 1981 except TMPA (1998. Statistical and frequency-based inter-comparisons were performed to evaluate the seasonal and long-term skills of various rainfall products against the BoM product. The results indicate that linear trends in rainfall during 1981-2014 were largely attributable to ENSO and IOD. Both intra-annual and seasonal rainfall changes associated with ENSO and IOD increased from 1991 to 2014. Among the continent's 13 major river basins, the greatest precipitation variations associated to ENSO/IOD were found over the Northern and North East Coast, while the smallest contributions were for Tasmania and the South West Coast basins. We also found that although the assessed products show comparable spatial variability of rainfall over Australia, systematic seasonal differences exist that were more pronounced during the ENSO and IOD events.
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In order to understand the seasonal to long-term behavior of rainfall variability over Australia, three 66 main objectives are drawn here that include: (i) quantifying the variability of rainfall due to ENSO 67 and IOD events (here called the 'ENSO/IOD mode' of rainfall) to address the amount of precipitation 68 over the continent due to these major phenomena, (ii) removing the impacts of ENSO and IOD from 69 rainfall variability ('non-ENSO/IOD mode' of rainfall) and analyzing the underlying large-scale rainfall 70 variability, trend and seasonality, and (iii) quantifying the ability of satellite and reanalysis products 71 to accurately represent seasonal precipitation as well as the major climatic phenomena of ENSO and 72 IOD. Objective (ii) has not often been addressed in previous studies while (i) has been of particular 73 interest due to its dominant impact. In addition to fully spatial analysis, we also report our results for 74 Australia's major river basins (Figure 1 ).
75
To estimate the impact of ENSO and IOD on spatio-temporal rainfall variability, two independent 76 techniques were considered. First, a multi-linear regression (MLR) technique was applied with the main 77 assumption that the temporal patterns of ENSO and IOD, respectively derived from Niño 3.4 (http:// 78 www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/) and Dipole Mode Index (DMI, 79 http://www.jamstec.go.jp/e/), directly influence monthly accumulated rainfall changes. Since it is 80 expected that different phases of ENSO and IOD might also have impacts on rainfall changes, Hilbert 81 transformation of the ENSO and IOD indices was used to account for the phase lag (see Section 4.1).
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The indices and their Hilbert-transformed patterns along with a linear trend, annual, and semi-annual 83 cycles were fitted to the time series of gridded precipitation products using MLR (see also Phillips et 84 al., 2012). Thereby, amplitudes and phase propagations of ENSO/IOD mode were estimated. The non-
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ENSO/IOD mode was calculated as residuals of the total rainfall variations and the ENSO/IOD mode.
86
The impact of ENSO and IOD was alternatively extracted from rainfall time series by applying the 
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In order to address our objective (iii), we used the gridded BoM estimates as our reference 'truth'.
95
The spatial representation (in terms of spatial correlations) of various satellite rainfall products were 96 compared to BoM estimates. The skill of the satellite products in representing seasonal and non-seasonal 97 precipitation changes were also assessed against BoM products.
98
The remaining part of this study is organized as follows: in Section 2 the Australian climate is 99 explained. In Section 3, the datasets of the study are introduced, and the methodology of their analysis 100 is explained in Section 4. The results are reported in Section 5, and finally, the study is summarized 101 and concluded in Section 6. interpreting results in basin-average analysis.
138
Other datasets used in this study include two satellite-based precipitation products and two reanalysis version 7 products used here may be different from version 6, which has been used in most previous 147 analyses. For an evaluation of TRMM products over Australia see e.g., Fleming and Awange (2013 
180
The precipitation data used are summarized in 
where β 1 (j) to β 9 (j) are coefficients, N (t) and D(t) the normalized -Niño 3.4 (ENSO) and -DMI (IOD)
216
time series, and ǫ(t) random noise. The indices were shifted in the frequency domain by 90 degrees using
217
Hilbert transformation (H(.), Horel, 1984) to capture the out of phase behavior of precipitation changes 
220
The coefficients β 1..9 (j) were determined using a least squares adjustment (LSA). The adjusted 221 coefficients (β 1..9 (j)) and their properties are summarized in Table 2 , whereβ 1 (j) represents the linear 222 trend,β 2 (j) andβ 3 (j) the mean annual variability, while that of semi-annual is contained inβ 4 (j) and 223β 5 (j), the variability due to ENSO is captured byβ 6 (j) andβ 7 (j), and that of IOD byβ 8 (j) andβ 9 (j).
224
The uncertainties of the adjusted coefficients were estimated following Brook and Arnold (1985) and 
while the non-ENSO/IOD mode (from MLR) was estimated as the total precipitation changes after 233 removing Eq. 2 as
The non-ENSO/IOD mode in Eq. 3 contains the mean ('normal') seasonal changes, thus, no spectral 235 information is lost through the performed ENSO/IOD and non-ENSO/IOD separation.
236
[ 
where the coefficientsβ 2 toβ 5 were estimated by fitting the MLR model of Eq. 1. A complex field
246
was defined as Y containing the non-seasonal time series in Eq. 4 as its real part, and their Hilbert 247 transform (Horel, 1984) as the imaginary part:
where i = √ −1. It follows that the real part of Y non-seasonal equals X non-seasonal .
249
The generated complex dataset (Eq. 5) contains information about non-seasonal changes in rainfall 250 and their temporal rate of changes as introduced by the Hilbert transform. Singular value decomposition
251
(Preisendorfer, 1988) was applied to decompose the generated complex field as Y non-seasonal = PE T .
252
This decomposition results in complex spatial patterns (E), known as the complex empirical orthogonal 253 functions (CEOFs), and the temporal patterns (P) called the complex principal components (CPCs).
254
Thus, both CEOFs and CPCs contain real and imaginary parts. The dominant modes of non-seasonal 255 rainfall variability can be expressed using CEOFs and CPCs in terms of amplitude and phase (see e.g.,
256
Forootan, 2014, pages 32-36). The ENSO/IOD mode derived from CEOF analysis (superindex 'CEOF') 257 can be reconstructed from the first two dominant CEOF modes as
while the non-ENSO/IOD mode can be calculated as the residual precipitation after removing the 259 contribution derived via Eq. 6 as
Therefore, similar to the MLR case (Eq. 3), the non-ENSO/IOD mode of rainfall variability in Eq. 7
261
contains the mean seasonal pattern estimated in Eq. 4. estimates. Correlation lengths were slightly larger (∼ 500 km) for MERRA.
283
The seasonal amplitudes of differences between the BoM estimates and the satellite and reanalysis variations in continental rainfall were associated to both ENSO and IOD during the past three decades.
299
At continental scale, the ENSO contribution to rainfall was found to be more dominant (∼12% of total 300 rainfall) than IOD (∼7%). These values were estimated as averages of the ratios computed by divid- 
308
The ENSO and IOD events as reflected in the respective indices are to some extent correlated, however.
309
This may have had influence on the respective decadal amplitude estimates. The decadal correlation 
ENSO/IOD-and non-ENSO/IOD modes of rainfall from CEOF

327
Before applying CEOF, a 5-month moving average filter was applied to the monthly non-seasonal 328 rainfall anomalies to filter out high-frequency temporal variability of rainfall. The signal dampening due 329 to the application of the filter was accounted for by simulating seasonal time series (according to Eq. 1) 330 and applying the same 5-month moving average filter. Scaling factors were computed as ratios of the 10, and 11 with compounding implications on hydrology including extreme events -droughts and floods.
454
In an effort to quantify the impacts of ENSO/IOD on hydrology, the basin-averaged seasonal rainfall Table 4 reports the estimated linear trend in rainfall for all the river basins during the last three decades. 
Evaluation of non-seasonal variations and trends in satellite and reanalysis products 480
In order to assess the skill of the satellite and reanalysis products in representing non-seasonal rainfall 481 variability over Australia, their differences with BoM products after removing the annual and semi-annual 482 cycles were assessed during the main four climate seasons. At the continental scale, the differences were 483 found to be mainly over tropical northern Australia (similar to the seasonal differences in Figure 4) estimates were found to be comparable to MERRA and was relatively better than CHIRP for all the 502 seasons with few exceptions (see , Table 6 ).
503
[ where BoM data is very sparse. The annual and semi-annual cycles were removed and a 5-month running 530 average was applied to each product prior their projections to focus on the impacts of ENSO/IOD on 531 the precipitation residuals. Figure 13 shows the corresponding temporal evolutions of rainfall variability 532 over Australia, which accounted for the total variance of over 35% in non-seasonal rainfall variations.
533
The resulting two evolutions (shown by PCs) in Figures 13a and 13c represented the overal agreement 534 of various products in representing ENSO and IOD impacts. show the structure of ENSO an IOD events in the frequency domain.
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The largest peaks in the power spectrum in both products coincided with the peaks in the ENSO and
568
IOD spectrum. For instance, a large peak in PC1 (the first temporal evolution) of CHIRP coincided with 
Summary and conclusions
578
In this study, we investigated the rainfall variability over Australia, including long-term and decadal were found to be quite similar.
877
Previous studies reported that the spatial correlations of above ∼ 0.2 between various precipitation 878 estimates (products) cannot be neglected (e.g., Bacchi and Kottegoda, 1995) . Therefore, the correlation Figure A1a ) Empirical (dots) and analytical (lines) spatial correlation functions exemplified by TMPA rainfall product when analyzing the differences to the reference dataset BoM corresponding to four seasons of DJF, MAM, JJA, and SON. Figure A1b ) Correlation length in km (defined as the distance according to correlation value 0.2 in Figure A1a ) estimated from the seasonal differences of BoM products and the four rainfall products of CHIRP, TMPA, ERA-Interim, and MERRA. 180/π.tan −1 (β 9 (j)/β 8 (j)) 
